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Background: Early diagnosis of pulmonary nodules is essential for effective prevention and treatment of
pulmonary cancer. However, the heterogeneous and complex characteristics of pulmonary nodules, such as
shape, size, speculation, and texture, present significant challenges in clinical diagnosis, which computer-
aided diagnosis (CAD) can help address. Moreover, the varied performance of deep learning methods in
CAD and limited model interpretability often hinder clinicians’ understanding of CAD results. In this study,
we propose a multitask Swin Transformer (MTST) for classifying benign and malignant pulmonary nodules,
which outputs nodule features as classification criteria.

Methods: We introduce a MTST model for feature extraction, designed with a multitask layer that
simultaneously outputs benign and malignant binary classification, multilevel classification, and a detailed
analysis of pulmonary nodule features. In addition, we incorporate image augmentation using a U-Net
generative adversarial network (GAN) model to enhance the training process.

Results: Experimental findings on the Lung Image Database Consortium and Image Database Resource
Initiative (LIDC-IDRI) dataset demonstrate that the proposed MTST outperforms conventional convolutional
neural networks (CNN)-based networks across multiple tasks. Specifically, MTST achieved an accuracy of
93.24% in binary classification of benign and malignant nodules and demonstrated superior performance
in nodule feature evaluation. For multilevel classification of pulmonary nodules, the Swin Transformer
achieved an accuracy of 95.73%. On the training, validation, and test sets (9,600/2,400/1,600 nodules),
the MTST model achieved an accuracy of 93.74%, sensitivity of 91.55%, and specificity of 96.09%. The
results indicate that the MTST model aligns well with clinical diagnostic practices, offering improved
performance and reliability.

Conclusions: The MTST model’s efficacy in binary classification, multiclass classification, and feature

evaluation confirms its potential as a valuable tool for CAD systems in clinical settings.
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Introduction

Pulmonary cancer is one of the most prevalent and
deadliest types of cancer, presenting significant challenges
for prevention and treatment (1). Early detection and
diagnosis of benign and malignant pulmonary nodules can
significantly improve patient survival rates (2). Computed
tomography (CT) is the primary tool to detect pulmonary
nodules, leveraging the varying transmission of X-rays in
multiple directions to generate cross-sectional or 3D images
through computer processing (3). Radiologists use the size,
calcification, interstitial structure, and texture of nodules on
CT images to differentiate between benign and malignant
cases (4). However, this diagnostic process is complex,
requiring a comprehensive assessment of multiple features
such as nodule size and morphology. Additionally, cognitive
variability and physician fatigue can limit their ability to
consistently interpret CT images, increasing the risk of
misdiagnosis (5).

Computer-aided diagnosis (CAD) systems utilize
computer technology to address medical diagnostic
challenges. For pulmonary nodule diagnosis, CAD systems
employ digital image processing to analyze medical
images and evaluate nodule malignancy (6). Moreover,
CAD systems can process large volumes of images rapidly,
enhancing diagnostic efficiency and providing decision
support (5). Machine learning algorithms are essential
to the performance of CAD systems (7). Conventional
machine learning methods have been applied to CAD
systems; for example, de Carvalho Filho ez 4/ (8) used a
distance-based phylogenetic diversity index as a texture
descriptor for pulmonary nodule classification with support
vector machine (SVM) and genetic algorithms for benign-
malignant classification. Wang ez 4l. (9) developed a feature
model for CT nodule regions and applied a semi-supervised
extreme learning machine (SS-ELM) for classification.
However, these early CAD approaches faced limitations
such as small datasets and the need for manual feature
extraction.

Deep-learning algorithms offer several advantages over
traditional machine learning, such as automatic feature
extraction, handling large-scale data, robustness, and
managing nonlinear relationships (7). Hua er 4. (10) were
the first to apply deep learning for the benign-malignant
classification of pulmonary nodules, achieving sensitivities
of 73.4% and 73.3% and specificities of 82.2% and 78.7%
using deep belief networks (DBN) and convolutional neural
networks (CNN), respectively. Lin ez 4/. (11) employed a
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hierarchical semantic CNN for multilevel benign-malignant
classification, achieving 74% accuracy. Sahu et 4. (12) used a
lightweight multisection CNN for binary classification and
reported 93.18% accuracy. Masood et al. (13) created a deep,
fully convolutional network (DFCNet)-based CAD system
that achieved 84.2% accuracy. In summary, deep learning
has shown broad applicability and improved diagnostic
support in CAD systems. While CNNs are the primary
deep learning method used, some studies have also explored
feedforward neural networks (FNNs) and generative
adversarial networks (GANSs) (14,15).

Owing to the ongoing advancements in deep learning
algorithms, Transformer models have garnered increasing
attention in recent years. In 2017, Vaswani et a/. (16)
proposed the Transformer model, an end-to-end sequential
processing model based on a self-attention mechanism.
Transformer models are widely used in machine translation,
text generation, and speech recognition applications (17).
In 2017, Google introduced the Google Neural Machine
Translation (GNMT) system based on the Transformer
model that significantly improved translation accuracy (18).
OpenAl’s GPT-4 model is an excellent text-generating
model (19). A speech recognition system based on Google’s
Transformer model, Starting Transducer, was released
in 2019. Compared to conventional speech recognition
models, transducers have better accuracy and efficiency (20).

The Swin Transformer, proposed by Liu ez al. (21),
is an enhanced version of the Transformer that excels in
image recognition tasks. Wang et /. (22) introduced a deep
learning model that integrated a Swin Transformer and
a graph convolutional network (GCN) to extract image
features and learn label dependencies for multilabel image
recognition, resulting in better convergence efficiency and
classification performance compared to CNN models. Zhao
et al. (23) developed a self-supervised Swin Transformer
model for music classification that learned meaningful
representations from large amounts of unlabeled music
data, outperforming existing models in both music-type
classification and tagging tasks. Ayas er al. (24) applied
the Swin Transformer model to hyperspectral image
classification and demonstrated improved performance over
existing models in both quantitative and visual evaluations.
Swin Transformers have gradually found applications in
CAD (17). Igbal et al. (25) developed a CAD system for
breast tumor segmentation and classification using a Swin
Transformer network, achieving an area under the curve
(AUC) of 0.944 for breast tumor classification. Huang
et al. (17) combined a Swin Transformer with 2D
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convolutional layers to reconstruct magnetic resonance
imaging (MRI) images, resulting in higher-quality
reconstruction compared to CNNs. Given its strong
performance in image classification, the application of the
Swin Transformer has been extended across various fields,
including some CAD areas. However, its use in pulmonary
nodule classification CAD is still limited.

In this study, we propose a multitask Swin Transformer
(MTST) for classifying benign and malignant pulmonary
nodules, which outputs nodule features as classification
criteria. The pulmonary nodule images extracted from
the CT images were input into a U-Net GAN for data
augmentation. The resulting images and the images
obtained from conventional data augmentation were used
to train the model. After the nodule-centered images were
input to the MTST, the feature maps were simultaneously
output for benign and malignant nodule classification and
nodule feature prediction through the shared layer and
different task layers of the model. The entire model was
trained by minimizing the weighted sum of each task loss
function.

The contributions of this paper are threefold:

(I) Considering most medical datasets suffer from
imbalances in benign and malignant sample
proportions, significant data structure variability,
and long data acquisition periods (26), a U-Net
GAN was used in this study to generate images of
pulmonary nodule sections to effectively expand
the training dataset and improve the model’s
generalization ability. This approach is beneficial for
training complex deep-learning models on limited
datasets for benign and malignant nodule diagnosis.

(I1) Considering the excellent performance of the
Swin Transformer model in image classification,
this study applies the Swin Transformer model
to the classification of pulmonary nodules. When
classifying pulmonary nodules, owing to the
different sizes and shapes of pulmonary nodules,
the conventional CNN model may suffer from
problems, such as information loss and ignoring
the correlation between the local and the whole. In
contrast, the Swin Transformer, built on the shifted
window multi-head self-attention mechanism,
effectively captures nodule features, improving
classification accuracy.

(IIT) An interpretable network structure was designed
using a multitask learning approach, along with
a loss function for joint task layer training.

© AME Publishing Company.

This framework outputs benign and malignant
classification results and nodule characteristics
essential for clinical diagnosis. This dual-output
system aids clinicians by providing classification
results and additional diagnostic context through
detailed nodule characteristics.
We present this article in accordance with the TRIPOD
+ Al reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-24-1619/rc).

Methods
Study framework

In this study, we propose an image generation and multitask
learning-based method for assessing benign and malignant
pulmonary nodules. This approach aims to enhance the
accuracy of pulmonary nodule classification through data
augmentation and multitasking learning. Figure 1 presents
the overall research framework.

As shown in Figure 1, the research framework comprises
of data augmentation part and MTST model part.
Following data augmentation using both image generation
methods and conventional data augmentation techniques,
pulmonary nodule images are fed into the shared layer
of the MTST model. The multitask evaluation module
outputs multiple nodule features, including classifications of
benign and malignant.

Data augmentation based on image generation method

In this study, a U-Net GAN was used to enhance the
dataset. This network has demonstrated strong performance
in medical image reconstruction and generation; its
structural diagram is depicted in Figure 2 (27).

Figure 2 illustrates the U-Net GAN structure, which
comprises a generator and a discriminator. The generator
synthesizes images from random noise, while the
discriminator aims to differentiate between generated and
real images. By continuously optimizing the adversarial
interaction between the generator and the discriminator,
the GAN can produce high-quality images. However,
because training the U-Net GAN directly on 64x64 nodule
images yielded suboptimal performance, the nodule images
were upscaled to 512x512 pixels before input into the U-Net
GAN for training.

In the U-Net GAN used in this study, the generator is
composed of a U-Net network, as shown in Figure 3.
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Figure 2 The structure of U-Net GAN. CNN, convolutional
neural network; U-Net generator, U-shaped network generative

adversarial network.

As depicted in Figure 3, the generator uses a U-Net
architecture and employs skip connections to link the
convolutional feature maps in the downsampling layers to
those in the upsampling layers. These skip connections
preserve low-level features such as edges and spots from the
initial feature maps. This design choice enables the model
to effectively capture both local and global information in
the input images, resulting in accurate and robust outcomes.

The structure of the discriminator is shown in Figure 4.

Figure 4 demonstrates that the discriminator consists
of five discriminator blocks, each of which contains
a 3x3 convolution layer, a ReLU activation function,
and BatchNorm layer. The number of channels in the
discriminator doubles with each successive block. Finally,
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the discriminant results were obtained using the linear layer.

Swin Transformer layer

As shown in Figure 1, the backbone model used in this study
mainly consisted of multiple Swin Transformer layers. Each
Swin Transformer layer includes Patch Merging and a Swin
Transformer block.

Patch merging

The patch-merging operation is used for downsampling.
After each patch-merging operation, the width and height
of the feature map are halved, while the number of channels
is doubled. Specifically, downsampling is accomplished
by selecting every alternate element in both the row and
column directions to create four patches. These patches are
then reassembled into single tensors. The resulting tensor
has a channel dimension (C) four times larger than that of
the original feature map, with the height (H) and width
(W) each reduced by half. Finally, a fully connected layer
is applied to adjust the channel dimension C to double its
original size.

Swin Transformer block

The Swin Transformer block comprises a LayerNorm (LN)
layer, a (Shifted) window multi-head self-attention (W-MSA
or SW-MSA) layer, and a 2-layer multi-layer perceptron
(MLP) with GELU non-linearity in between. Each Swin

Transformer block includes two residual connections.

Quant Imaging Med Surg 2025;15(3):1845-1861 | https://dx.doi.org/10.21037/qims-24-1619



Quantitative Imaging in Medicine and Surgery, Vol 15, No 3 March 2025 1849

64464 64 3

64 64
2 Convolution 3x3 W Dropout 0.5
¥ Max pooling 2x2 — Skip connection
A Up sampling 2x2 D Block copied
) 4
LN
Y 128 128

128+128 64 QN

‘)I’
|

Y 256 256

ﬂ )

M

512 512

I’I’D N4 H
E-N:N

512

Figure 3 U-Net based generator.

5 x Discriminator block

N BatchNorm
512 Y

16
32
64
128 256
N
. T %.@_,@%. N

256+256
—> ) »
]
512+512 256 N
512
512x64
LA

s {

Linear layer

Discriminator block

Figure 4 Discriminator based on CNN. CNN, convolutional neural network; ReLU, rectified linear unit.

Additionally, W-MSA and SW-MSA are alternately used
in pairs of two Swin Transformer blocks. The specific
structure is shown in Figure 5.

Each pair of Swin Transformer blocks is defined as
follows:

5 = W—MSA(LN((?”‘ )) 48
5 = MLP(LN(S’))+$’
5 = SW—MSA(LN(S’))+(§I

8"t = MLP(LN(8""))+8"
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In Eq. [1], the Swin Transformer blocks with W-MSA
output features as §', whereas those with SW-MSA output
features as 5.

(S)W-MSA
The standard Transformer module uses MSA to compute
global self-attention across all tokens, operating over the

entire image space. The computational complexity of the
MSA is as follows:

Q(HMSA)=4HWC? +2(HW ) C 2]
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Figure 5 Two successive Swin Transformer blocks. MLP, multi-layer perception; LN, layer norm; W-MSA, Windows Multi-head Self-

Attention; SW-MSA, Shifted Windows Multi-head Self-Attention.

(S)W-MSA computes the self-attention for each window.
First, a feature map of size HxW xC is divided into HW/M?
non-overlapping windows of size M xC*, and self-attention
is then computed for each window. The computational
complexity of the (S)W-MSA is as follows:

o(H,

(S)W—MSA)

=4HWC? +2M*HWC (3]

In Eq. [3], (S)W-MSA only computes self-attention for
a portion within each window. Compared to Eq. [2], where
the computational complexity scales quadratically with
the product of the width and height, the complexity of (S)
W-MSA scales linearly, indicating lower computational
requirements. However, if window partitioning remains
static and the feature map windows do not change,
information between different windows can become
disconnected. Therefore, shifting the windows is necessary
to facilitate inter-window communication.

In (S)W-MSA, for each non-overlapping window Xy, self-
attention is computed with O=X,F), K=X, B,V =X, F,
where Fp» B¢, b are the shared projection matrices across
all windows. Query Q, key K, value V, and learnable relative
position encoding B (learnable relative position encoding B,
feature map size is M’ xd) were used to compute the local
self-attention within each window, as follows:

Attenlion(Q,K,V) = SoftMax(QKT +B]V (4]

N

© AME Publishing Company.

Multitask learning model

The MTST model employs a multitasking learning method
for hard parameter sharing, and the overall architecture is
shown in Figure 6.

As shown in Figure 6, the shared model layer consists
of a convolutional layer, Patch Embedding, and multiple
serial Patch Merging and Swin Transformer Blocks. This
constitutes the shared layer of the multi-task model, where
the input image is represented as X e R, with H, W,
and C denoting the height, width, and number of channels
of the image, respectively. The image passes through the
shared layer of the model, resulting in the output feature
map X,.. This can be expressed mathematically as:

X, = SwinTransformerLayers ( PatchEmbedding (Conv2D (X))) [5]

After passing through the shared layer, the feature maps
are directed to the specific task layers, each composed of
multiple Swin Transformer blocks for the nine nodule
features. Ultimately, the model outputs evaluation values
for these nine nodule features, which can be represented as:

Y,

Y Y = U (X )s fo (K)o fr (X)) [6]

9 A0
where each f(-) represents a specific task’s Swin
Transformer Block branch, and ¥, denotes the prediction
results for the f-th task. These tasks include classifications
for features such as Malignancy, Subtlety, Internal Structure,
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Figure 6 Multitask Swin Transformer network.

Calcification, Sphericity, Margin, Spiculation, Texture, and

Lobulation.

The entire model can be represented by the following
formula:
{Y‘, Yy YT} = {fl,fz,“.,fr}(SwinTransformerLayers(PatchEmbedding(ConvZD(X)))) [7]

The loss function adopted for training the nine specific task
layers of the MTST is cross-entropy loss (Lez). To each
specific task layer loss function multiplied by the weighting
sum, to get the total loss function (L), the formula is as
follows:

L= Z WL (8]

In Eq. [8], W represents the weight of each feature
(including benign and malignant cases), and Lcz is the cross-
entropy loss for a specific task layer corresponding to each
feature. The weight values used in this study were adjusted
based on experience and guided by the settings outlined
in Marques et al.’s study (28). The weights for each feature
were set as follows: 1.4 for malignancy, 1.8 for sphericity,
1.2 for calcification, 0.9 for margin, 0.7 for lobulation,
spiculation, and subtlety, and 1 for all other features.

Experiment

Dataset
The Lung Image Database Consortium and Image Database

© AME Publishing Company.

Resource Initiative (LIDC-IDRI) dataset was used in this
study (29). This publicly available dataset contains 1,018
low-dose lung CT cases and can be accessed online. The
CT images are provided in DCM format, with each case
accompanied by an annotation file in XML format. The
LIDC-IDRI dataset was annotated through a combination
of manual blind and non-blind readings. During the blind
reading phase, each radiologist independently reviewed
the CT scans. In the subsequent unblinded reading phase,
each radiologist independently reviewed their own markers
alongside the anonymous markers from three other
radiologists to form a final opinion.

The annotations in this dataset include information such
as the coordinates and quantitative scores for characteristics
of pulmonary nodules larger than 3 mm in diameter,
including their degree of malignancy. The dataset provides
detailed characteristics and ratings, such as malignancy,
subtlety, internal structure, calcification, sphericity, margin,
spiculation, texture, and lobulation. Apart from calcification
(graded 1-6) and Internal Structure (graded 1-4), each
characteristic is rated on a scale from 1 to 5. In this dataset,
nodule malignancy is classified as Highly Unlikely [1],
Moderately Unlikely [2], Indeterminate [3], Moderately
Suspicious [4], or Highly Suspicious [5]. To ensure
consistency in evaluation and model comparison, similar to
previous studies, we excluded nodules with an indeterminate
malignancy score [3] since these nodules do not provide
definitive benign or malignant information (12,30).
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Data preprocessing

Nodule screening

Benign and malignant nodules were extracted based on

annotations provided by the LIDC-IDRI dataset (Figure 7).
As shown in Figure 7, the nodule extraction involved four

steps.

% Step 1: after converting the CT image format from
DCM to JPG, the pulmonary parenchyma was
separated from the image. In this study, images
of pulmonary nodules were used as training data.
Segmenting the pulmonary parenchyma ensured that
the nodule images did not contain other pulmonary
tissues.

% Step 2: using the nodule coordinates provided by the
XML file annotations in the dataset, nodules with a
diameter between 3 mm and 30 mm were extracted.
The reason for selecting this range is that the database
includes nodules sized from 3 mm to 30 mm (29).

% Step 3: annotations for all features of the extracted
pulmonary nodules, including benign and malignant
classifications, were obtained.

% Step 4: each nodule and its corresponding features
were sorted and converted into labels that could be
input into the model.

Data augmentation and data splitting

From the extracted nodules, we selected 3,157 nodules with

an average malignancy of 1, 2, 4, and 5 as the training set

and then conducted data augmentation on these data. First,
we used conventional data augmentation methods, including
flipping, rotating, and adjusting the brightness, contrast,
and image scaling, and added enhanced data to the training
set. After preprocessing, the augmented data were input

© AME Publishing Company.

into the U-Net GAN to generate additional training data.
The training set was subsequently divided into five equal
parts, with four parts used as training sets and one part as a
validation set. To compare the effects of data augmentation,
we retained data without data augmentation. Among the
nodule images outside the training set, 1,600 pulmonary
nodule images were selected as the test set. The specific
divisions of the experimental data are listed in 7able 1.

As shown in Table 1, nodules with a malignancy level of
3 were excluded from this study. After data augmentation
in the training and test sets, the number of nodules at
each malignancy level reached 3,000. In addition, image
generation using the U-Net GAN is based on only four
types of benign and malignant nodules and does not include
other image features. Therefore, the image generation
results are mainly applied to the classification of benign
and malignant nodules and cannot be used for the output
of low-level features of pulmonary nodules. When the
generated images were used to train the classification of
nodule malignancy, the weights of the low-level feature
classification module were frozen.

Experimental setting
For the GAN model based on U-Net, the Adam optimizer
was used to update all parameters in the network, and the
learning rate was set to 5x10™". The training was repeated
four times, each time focusing solely on generating
pulmonary nodule images with varying degrees of
malignancy.

Transfer learning techniques were employed for the
MTST model. We initialized the parameters of the feature
extraction module in our network using parameters from
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Table 1 Data distribution in the training, validation, and test sets

Training (80%) and validation (20%) set

Malignancy level Testing set
Initial numbers Conventional augmentation Image generation Total
1 1,002 1,013 985 3,000 400
2 756 823 1,421 3,000 400
3 - - - - -
4 634 712 1,654 3,000 400
5 764 823 1,413 3,000 400
Total 3,156 3,371 5,473 12,000 1,600
the shared layer pretrained on the ImageNet dataset. The prediction results, defined as follows (31):
Adam optimizer was used to update all parameters within
the network. The learning rate of the model was initially Absolute distance error = absolute(p, - g, ) [9]

set at 3x107". The model was trained for 50 epochs with a
batch size of eight. Five experiments were conducted, and
the final results were calculated as the average of these five
trials.

The model training process was conducted using
PyTorch on a computer equipped with an R7 4800H CPU,
16 GB of RAM, and an RTX 2060 GPU with 6 GB of

memory.

Results
Image generation

The U-Net GAN model was trained for image generation,
and the generated images are shown in Figure §.

As shown in Figure 8, the pulmonary nodule image
generated by the U-Net GAN is highly similar to the
original nodule image. The generated images and those
obtained using other data augmentation methods were
sorted into the training data.

Feature evaluation results

There are notable differences in the classification of each
feature. Calcification was categorized into six classes,
while malignancy and subtlety were divided into five
classes, internal structure was divided into four classes,
sphericity and texture were divided into three classes, and
the remaining characteristics were divided into two classes.
To compare our model’s performance with other studies,
we employed the absolute distance error metric to evaluate

© AME Publishing Company.

n

In Eq. [9], n is the total number of samples, : represents
the predicted value of a certain feature for nodule i, and &;
is the ground-truth value of that feature for nodule i. We
compared our prediction results with those from previous
feature evaluation models, as shown in Tible 2.

As presented in Table 2, we compared the 1B, MTR, lasso
regression, MTMR-Net, and EN networks. These results
indicate that for most features, the absolute distance error
results of the proposed MTST model are superior to those
of previous studies on pulmonary nodule feature evaluation.
Among these feature evaluation tasks, the “Internal
Structure” prediction was particularly accurate. This can be
attributed to the significant imbalance in the dataset for the
“Internal Structure” feature, where most nodules were rated
with a score of 1, implying that this feature had a minimal
impact on the malignancy of the nodules.

Benign and malignant binary classification

The binary classification of benign and malignant
nodules is a widely explored topic in current research on
pulmonary nodule classification (14,15,26). For this binary
classification task, nodules classified as Highly Unlikely [1]
and Moderately Unlikely [2] in terms of malignancy were
considered benign, whereas nodules rated as Moderately
Suspicious [4] and Highly Suspicious [5] were considered
malignant.

While accuracy is a primary evaluation metric for
classification models, relying solely on it may not
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Figure 8 Image generated by U-Net GAN. U-Net GAN, U-shaped network generative adversarial network.

Table 2 Comparison results with previous feature evaluation models

Models Sub Int Cal Sph Mar Spi Tex Lob
MTST (ours) 0.67 0.03 0.52 0.41 0.36 0.45 0.26 0.37
MTR (32) 0.75 0.04 0.48 0.81 0.86 0.8 0.58 0.87
LASSO (32) 1.25 0.02 2.18 1.25 1.13 0.89 1.04 0.95
EN (32) 1.2 0.14 1.44 1.09 0.98 0.86 1.24 0.96
MTMR-Net (31) 0.54 0.03 0.56 0.59 0.54 0.49 0.44 0.54

MTST, multitask Swin Transformer; MTR, Multi-Task Regression model; LASSO, least absolute shrinkage and selection operator; EN,
Elastic Net; MTMR-Net, Multi-Task deep model with Margin Ranking loss for Lung Nodule Analysis; Sub, subtlety; Int, internalStructure;
Cal, calcification; Sph, sphericity; Mar, margin; Spi, spiculation; Tex, texture; Lob, lobulation.

provide a complete evaluation of model performance.
Additional metrics such as accuracy (ACC), sensitivity
(SEN), specificity (SPE), and the area under the receiver
operating characteristic curve (AUC) were used to offer
a comprehensive assessment. The ACC, SEN, and SPE
metrics are defined as follows:

True positives + True negatives
Accuracy = p 8

True positives + False negatives + False positives + True negatives

True positives

Sensitive = — - [1 0]
True positives + False negatives

e True negatives
Specificity = &

False positives + True negatives

AUC values range from 0.5 to 1.0, where values closer to
1.0 indicate higher authenticity of the classification method.
An AUC value of 0.5 represents the lowest authenticity and
holds no practical value.

The MTST model was also tested using different training

© AME Publishing Company.

data based on the standard evaluation metrics for the binary
classification models mentioned above. The results of the
binary classification experiment are listed in Zuble 3.

As shown in Tuble 3, models trained with both
conventional data augmentation and image generation
outperformed those trained solely with conventional data
augmentation or without any augmentation, demonstrating
the significant impact of image generation on enhancing
medical image datasets.

In the training process of the MTST, Figure 9 shows the
training loss and accuracy as well as the change function of
the epoch.

As shown in Figure 9, the training and validation
losses were almost identical and approached zero, and the
difference in accuracy between training and validation was
minimal. From Figure 94,9B, it can be concluded that the
proposed model did not overfit the training dataset.
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Table 3 Experimental results of the multitask Swin Transformer model under different data augmentation conditions

Data augmentation ACC (%) SEN (%) AUC SPE (%)
Conventional + U-Net GAN generated 93.74 91.55 0.985 96.09
Conventional 93.21 89.67 0.981 95.36
None 89.58 86.2 0.969 92.13

U-Net GAN, U-shaped network generative adversarial network; ACC, accuracy; SEN, sensitivity; AUC, area under the curve; SPE,
specificity.

A Training and validation loss B Training and validation accuracy
1.4 4 Training loss 0.95 Training accuracy
Validation loss —— Validation accuracy
0.90
0.85
0.80
0.75
0.70
T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 9 Performance of model training and validation: (A) loss and (B) accuracy.

Figure 10 Good (A,B) and poor (C,D) examples of the model’s prediction. (A) A malignant nodule was incorrectly predicted as benign; (B)
a benign nodule was incorrectly predicted as malignant; (C) a benign nodule was correctly predicted as benign; (D) a malignant nodule was

correctly predicted as malignant.
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Table 4 Comparison results of different models

Jin et al. Multitask Swin transformer for pulmonary nodules

CADx system Training/validation/test set ACC (%) SEN (%) AUC SPE (%)
MT-Swin Transformer (our) 9,600/2,400/1,600 nodules 93.74 91.55 0.985 96.09
Sahu et al. (12) 1,174/NA/131 nodules 93.18 89.4 0.98 95.61
Jiang et al. (33) 1,004 nodules are used 90.24 92.04 0.933 -
Masood et al. (13) 465,504/NA/1,700 nodules 86.02 89.01 - 83.2
Shen et al. (34) 88,948 nodules are used - - 0.899+0.018 -
Sun et al. (35) 2,126/1,063/1,063 nodules 84.2 70.5 0.856 88.9

MT-Swin Transformer, multitask Swin Transformer; CADx, computer-aided diagnosis; U-Net GAN, U-shaped network generative
adversarial network; ACC, accuracy; SEN, sensitivity; AUC, area under the curve; SPE, specificity.

Table 5 Results of benign and malignant multilevel classification

CADx system Training/validation/test set Off-by-one accuracy (%)
MT-Swin Transformer (ours) 48,000/12,000/1,600 images 95.73
Sahu et al. (12) 1,174/NA/131 nodules 93.79
Hussein et al. (36) (multitask learning) 1,029/NA/115 nodules 91.26
Hussein et al. (37) 1,030/NA/115 nodules 82.47
Buty et al. (38) 5,155 images are used 82.4
Hussein et al. (36) 1,029/NA/115 nodules 80.08

CADx, computer-aided diagnosis; MT-Swin Transformer, multitask Swin Transformer.

CT images of pulmonary nodules as good/poor examples
of the model’s prediction As shown in Figure 10.

To further assess the performance of the MTST model
in benign and malignant binary classification tasks, we
compared it to other state-of-the-art deep learning-based
binary classification systems. The comparison results, based
on the same dataset (LIDC-IDRI) and similar test data
sizes (more than 1,000 nodule images in the test set), are
displayed in Table 4.

As shown in Tuble 4, under the same dataset and similar
test data size, the accuracy, sensitivity, AUC, and specificity
of our model are superior to those of previous studies on
the benign and malignant binary classification of pulmonary
nodules.

Benign and malignant multilevel classification

In the clinical diagnosis of pulmonary nodules, it is essential
not only to classify nodules as benign or malignant but
also to further distinguish the degree of malignancy. This
section investigates the multilevel classification of benign
and malignant pulmonary nodules, with classification labels

© AME Publishing Company.

defined as follows: Highly Unlikely [1], Moderately Unlikely
[2], Moderately Suspicious [4], and Highly Suspicious [5].

To evaluate multilevel classification results, previous
studies have employed the off-by-one accuracy index, as
represented by the following Eq. [11]:

off -by-one accuracy = 72 [11]

nig

1 [, if absolute(p,—g;) <1
0, otherwise

In Eq. [11], n represents the total number of samples, 2;
represents the predicted malignancy level for nodule 7, and
&; represents the ground-truth malignancy value for nodule i.

Following the approach used for binary classification,
we tested the MTST model with different parameters for
multilevel classification. The results of this experiment are
presented in Table 5.

As shown in Table 5, our model achieved a higher off-by-
one accuracy in the multi-classification task, outperforming
previous related studies.

Discussion

This study generates pulmonary nodule images based on
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deep learning and combines traditional data augmentation
methods to significantly improve the quality of the training
set. The proposed MTST model outperforms traditional
machine learning models in tasks such as nodule feature
evaluation, binary classification of nodule malignancy, and
multilevel classification.

In the aspect of pulmonary nodule image generation,
deep learning models can generate new data by learning
from existing datasets. In the context of data augmentation,
these networks can be used to generate new images similar
to existing images but exhibiting unique variations, thus
increasing the diversity of the dataset (39-41). In this
study, the U-Net GAN was utilized for image generation
to expand the training dataset and improve the model’s
generalization ability. The U-Net is renowned for its
strong performance in medical image segmentation and
is widely used in the field (42). From the perspective
of model complexity, U-Net uses a small convolution
kernel and few parameters to train the model faster, and
its model complexity is low. Additionally, U-Net uses
multilevel feature extraction to retain more details of the
original image, and a GAN based on U-Net can generate
more realistic pulmonary nodules images. Although data
augmentation addresses the issue of limited annotated data
in medical training sets, which can hinder the development
of complex deep learning models, it is crucial to carefully
review newly generated images. The use of an inappropriate
image generation model may result in unrealistic or
meaningless images.

In the aspect of nodule feature evaluation, although
current computer-aided diagnostic methods achieve
excellent results in classifying benign and malignant
nodules, it remains challenging to interpret the rationale
behind these classifications (26). This limitation often
necessitates doctors to rely on their expertise to assess
the characteristics of pulmonary nodules on CT images.
Therefore, a computer-aided diagnostic system capable of
accurately evaluating benign and malignant nodules while
simultaneously providing information on other nodule
characteristics (such as morphology, texture, and density)
holds significant potential. Such a system can supply
detailed nodule characteristics to assist doctors, enhance
diagnostic efficiency, and reduce the risk of misdiagnosis.

In the aspect of binary classification of nodule
malignancy, in previous studies, CNNs were predominantly
used for the binary classification of benign and malignant
pulmonary nodules. Sahu ez a/. (12) proposed a lightweight
multisection CNN architecture that, after processing

© AME Publishing Company.

the nodules, obtained multiple views of the nodules
from different perspectives. This model aggregated the
information through a view-pooling layer to encode the
nodule’s volume information into a compact representation.
Jiang et al. (33) developed an attentive ensemble 3D
dual-path network for pulmonary nodule classification.
This network structure incorporated a context attention
mechanism to simulate the correlation between adjacent
positions, enhancing the representativeness of deep features.
Additionally, the network employed a spatial attention
mechanism to automatically identify regions crucial for
nodule classification. These studies achieved accuracy rates
exceeding 90% for the binary classification of benign and
malignant pulmonary nodules.

In this study, we utilized a Swin Transformer to construct
a feature-extraction module. This model can better focus
on important regions and features of the nodule image and
has high accuracy and robustness. Our model outperforms
previous CNN studies in terms of both benign and
malignant binary classification accuracy (93.24%) and
feature evaluation. Possible reasons for the superior image
classification performance of our Swin Transformer-based
model compared to CNN models include the following:
Due to the limited size of convolutional kernels in CNNss,
fine details and edge information in the image can be
missed. Additionally, pooling layers in CNNs can result
in information loss and overlook the correlation between
local and global features (17,25). Conversely, the Swin
Transformer model incorporates innovative techniques such
as W-MSA and cross-stage feature integration, enabling it
to better capture both global and local information within
the image and process a large number of features more
effectively (17,25). However, Swin Transformers may still
face challenges with position information encoding and
fixed window sizes (17,25).

In the aspect of multilevel classification, Sahu ez 4/. (12)
proposed a lightweight multisection CNN architecture
that explored pulmonary nodule multilevel alongside
classification. Hussein ez a/. (36) developed a CADx
system using a 3D CNN that employed volumetric CT
data to generate 3D models of nodules, preserving more
information. This system employs volumetric data from CT
scans to generate 3D models of nodules, thereby preserving
more nodule information. This system extracted relevant
feature representations for six different nodule features
and combined them through multitask learning. Transfer
learning was utilized to obtain highly discriminative
features to mitigate the substantial data requirements of
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CNNs. Hussein et l. (37) also introduced an end-to-end
trainable multi-view deep CNN that used median intensity
projection to create 2D patches for each dimension,
forming a three-channel input tensor. Finally, the study
used a trained network to extract features from the input
image and Gaussian process regression to obtain the
malignancy score. Buty ez l. (38) proposed a CADx system
based on a CNN that can quantitatively evaluate differences
in appearance and 3D surface changes. The system first
modeled and parameterized nodule shapes using spherical
harmonics, extracted appearance features using a deep
CNN, and finally estimated the malignancy of the nodules
using a random forest classifier.

As indicated by these research outcomes, previous studies
on the multilevel classification of pulmonary nodules have
predominantly focused on CNNs. The optimization of
CNN models has progressively improved accuracy from
82.40% to 93.79%. In this study, the Swin Transformer
was employed for the multilevel classification of pulmonary
nodules, achieving an accuracy of 95.73%, surpassing that
of previous CNN-based models. In an overview of the
current research on pulmonary nodule classification, the
research on pulmonary nodule classification pays relatively
more attention to the binary classification of benign and
malignant nodules, and relatively few studies focus on
multiple classifications. However, from the perspective of
the clinical application of CAD, the multilevel classification
of benign and malignant pulmonary nodules is in line with
the requirements of clinical practice. Therefore, future
research on the auxiliary diagnosis of pulmonary nodules
should place greater emphasis on multilevel classification.

Despite achieving excellent results in pulmonary nodule
image generation, nodule feature evaluation, binary
and multilevel classification of nodule malignancy, this
study still has certain limitations. The limitations of this
study are as follows. First, due to limited computational
resources during the experiment, a relatively simple
structure was selected for the image generation model. In
future work, it will be essential to develop more complex
image generation models to enhance performance. Second,
while the detection, segmentation, and classification of
pulmonary nodules form a comprehensive process to
assist doctors in diagnosis, this study focused solely on
classification. Future research should aim to integrate
detection and segmentation procedures to create a more
complete diagnostic tool. Thirdly, this study used data
from the LIDC and the IDRI. However, the nodules in
these databases are assessed based on the “malignancy

© AME Publishing Company.
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probability” evaluated by experienced radiologists,
rather than confirmed benign or malignant results from
pathology or follow-up. Consequently, this may affect the
primary findings and conclusions of our study.

Conclusions

In this study, we proposed a Swin Transformer model
integrated into a multitask learning framework for
classifying benign and malignant pulmonary nodules
alongside the output of nodule feature evaluation results.
To enhance generalization, pulmonary nodule images
generated by the U-Net GAN model were used for model
training. The Swin Transformer block demonstrated
exceptional feature extraction capabilities for pulmonary
nodule classification. The MTST model, trained by
minimizing the weighted sum of each task loss function,
effectively outputs both nodule malignancy and feature
evaluations simultaneously. The experimental results
validate the proposed MTST model’s effectiveness in binary
classification of benign and malignant nodules, multiclass
classification, and feature evaluation.
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